Principal component analysis (PCA) and cluster analysis are used frequently to derive dietary patterns. Decisions on how many patterns to extract are primarily based on subjective criteria, whereas different solutions vary in their food-group composition and perhaps association with disease outcome. Literature on reliability of dietary patterns is scarce, and previous studies validated only 1 preselected solution. Therefore, we assessed reliability of different pattern solutions ranging from 2 to 6 patterns, derived from the aforementioned methods. A validated food frequency questionnaire was administered at baseline (1993)(1994)(1995)(1996)(1997) to 39,678 participants in the European Prospective Investigation into Cancer and Nutrition-The Netherlands (EPIC-NL) cohort. Food items were grouped into 31 food groups for dietary pattern analysis.
Introduction
A wealth of literature investigating the relation of dietary patterns with all kinds of clinical outcomes has been published since this field emerged. Dietary patterns can be derived either a priori or a posteriori (1) . While a priori techniques use scoring systems to assess the degree to which a participant complies with a predefined dietary pattern, a posteriori methods derive patterns empirically based on the observed dietary intake using principal component analysis (PCA), 8 exploratory factor analysis (EFA), or cluster analysis. PCA derives patterns (''components'') by grouping highly correlated food groups using data reduction (2) . PCA is most commonly used for dietary pattern analysis (1) , although EFA may theoretically be more applicable because it takes common variance in observed variables into account whereas PCA only considers total variance. When defining patterns, subjective decisions are introduced at various points, such as decisions for cutoffs for food-group loadings or type of rotation (1, 3) . Furthermore, the Kaiser criterion, scree plot, and interpretability, i.e., criteria that are either subjective and/or tend to over-extract (4) , are mostly used to determine the number of patterns to retain (1) .
In contrast to PCA, cluster analysis is not based on the correlation between food groups but clusters individuals. It identifies groups of participants, i.e., ''clusters,'' who share the same eating habits based on differences in food intakes (5) . There are numerous clustering algorithms, but in dietary pattern analysis, WardÕs cluster analysis and K-means cluster analysis (KCA) are most commonly used (1) . To determine the number of patterns to retain in KCA, researchers usually request different cluster solutions and select the best interpretable solution (1) . Hence, the selection of the number of patterns to retain is based on subjective criteria for both methods. No quantitative criteria are being used currently. Meanwhile, dietary patterns based on different solutions usually vary in their food-group composition, which may affect associations with disease outcome. Furthermore, reliability may differ considerably between different solutions. Previous studies examined reliability or reproducibility of mostly 1 preselected solution derived from PCA, EFA, or cluster analysis (6) (7) (8) (9) (10) . Only 1 study replicated several pattern solutions to determine the optimal number of clusters to extract (11) .
Using the European Prospective Investigation into Cancer and Nutrition-The Netherlands (EPIC-NL) cohort, we examined and compared reliability of different solutions ranging from 2 to 6 patterns derived from PCA and cluster analysis. We applied quantitative criteria new to this field to determine the number of patterns to extract and explored their agreement with the reliability results. Furthermore, we investigated differences in the ability of different pattern solutions to predict disease outcome by investigating associations with coronary heart disease (CHD) incidence during follow-up.
Participants and Methods
Study population EPIC-NL consists of the Prospect-EPIC (17,357 women aged 50-69 y) and the Monitoring Project on Risk Factors for Chronic Diseases (MORGEN)-EPIC (22,654 men and women aged 20-64 y) cohorts. All participants were recruited between 1993 and 1997 through random population sampling in Amsterdam, Maastricht, and Doetinchem (MORGEN-EPIC) or after participation in the breast cancer screening program (Prospect-EPIC). Written informed consent was obtained before study inclusion (12) . At baseline, an FFQ and a general questionnaire were filled out. The study complies with the Declaration of Helsinki and was approved by the Institutional Review Board of the University Medical Center Utrecht for Prospect-EPIC and the Medical Ethics Committee of the Netherlands Organization for Applied Scientific Research for MORGEN-EPIC (12) .
We excluded 333 participants because of missing dietary information or extreme energy intake (<600 or >5000 kcal/d). The remaining 39,678 were randomly half-split into a derivation and a replication sample. For the association with CHD incidence, 4101 participants were additionally excluded because of the presence of myocardial infarction (n = 724) or stroke (n = 448) at baseline or loss to follow-up (n = 2613), resulting in 35,910 participants to study this association.
Assessment of dietary intake
To assess dietary intake, a validated FFQ containing questions on the habitual frequency of consumption of 79 food items during the year preceding enrollment was used. Additional information was sought on consumption frequency for different sub-items, preparation methods, and additions, which ultimately allowed the estimation of consumption of 178 food items (13, 14) . For each of the foods, intake was calculated in grams per day by multiplying the consumption frequency with the portion size, which was either estimated using standard weights or provided by the participants (color photographs). Total energy (kilojoules per day) intake was then estimated using an extended version of the 1996 computerized Dutch food composition table (15) . The FFQ was validated for food groups (and nutrients) with 12 monthly 24-h recalls and biomarkers in 24-h urine and serum samples. The median relative validity (PearsonÕs correlations) was 0.61 for men and 0.53 for women (13, 14) . To identify dietary patterns, we grouped the food items of the FFQ into 31 food groups (Supplemental Table 1 ), as described previously (16) .
Ascertainment of CHD Participants were followed for the occurrence of diseases through linkage with the hospital discharge diagnoses database from the Dutch National Medical Registry, using a validated probabilistic procedure (17) . For participants who died during follow-up, information on the cause of death was obtained through linkage with the Cause of Death Registry from Statistics Netherlands. Both fatal and nonfatal CHD events were included (International Classification of Diseases 9th edition: 410-414, 427.5, 798.1, 798.2, 798.9; International Classification of Diseases 10th edition: I20-I25, I46, R96) (12) . When multiple events of CHD occurred, the first diagnosis was taken as endpoint. Follow-up ended on the day of diagnosis, day of death, or at the end of the study (December 31, 2007) .
Statistical methods
Treatment of food-group variables. For each of the 31 food groups, intakes were represented as the percentage energy they contributed to total energy intake (18) . For PCA and EFA, these food-group variables (in energy percentage) were directly used. For KCA, food-group variables were top coded, i.e., values that were higher/lower than the mean 6 6 times the SD were changed to the value of the mean 6 6 times the SD, because KCA is sensitive to outliers (1). Furthermore, no additional standardization was applied because comparisons of using standardized or unstandardized variables suggested that it gives undue influence to minor food groups (1).
PCA. Component solutions from PCA were confirmed using confirmatory factor analysis (CFA). For CFA, a hypothesis is needed on the food patterns to include in the analysis (2) . Here, the components that were derived from PCA were used. With CFA, the retained patterns are tested to investigate which solution best fits the underlying observed data. A scheme of analysis is presented in Figure 1 . PCA with varimax rotation was used to extract solutions ranging from 2 to 6 factors in the derivation sample (principal function in the R package ''psych'') (19) . As shown in Figure 1 (arrow a), each of the obtained solutions was then separately confirmed in the replication sample using CFA (cfa function; lavaan) (20, 21) . Additionally, the procedure was repeated using EFA as detailed in Supplemental Methods 1. Food groups with factor loadings in PCA (FL PCA ) of $|0.25| were included in the models for CFA. Food groups with factor loadings in CFA (FL CFA ) of $|0.20| were retained. To summarize the results, the ratio of food groups not confirmed (n food FIGURE 1 PCA and EFA: scheme of statistical analyses in the EPIC-NL cohort. Arrow (a) shows a comparison between PCA/EFA (derivation sample) and CFA (replication sample). Arrow (b) is a comparison between PCA/EFA (derivation sample) and PCA/EFA (whole study population). Arrow (c) shows how the Kaiser criterion, scree test optimal coordinate, and visual inspection of the scree plot were applied to identify the number of factors/components to extract. CFA, confirmatory factor analysis; EFA, exploratory factor analysis; EPIC-NL, European Prospective Investigation into Cancer and NutritionThe Netherlands; PCA, principal component analysis.
How many dietary patterns to retain? 1275 groups with FL CFA # |0.20|) to the total number of included food groups (n food groups with FL PCA $ |0.25|) and the deviation in factor loadings between PCA and CFA, defined as
(where k = n food groups), were computed ( Table 1) . For example, a value of 20% means that FL CFA of a particular food group differed on average 20% from FL PCA .
Arrow b in Figure 1 shows how internal reproducibility was checked by performing PCA in the replication sample and the entire study population. The Kaiser criterion, the scree test optimal coordinate, and a visual inspection of the scree plot (the point at which the slope of the graph changes) were applied to identify the number of patterns to retain (Fig. 1, arrow c) . Details are provided in Supplemental Methods 2. Besides reliability of the component solutions, the interpretability of the dietary patterns is also an important tool. We also checked whether the solutions we find are well interpretable.
Cluster analysis. For cluster analysis, a similar procedure was followed as for PCA (Fig. 2) . Five cluster solutions ranging from 2 to 6 clusters were extracted in both subsamples and the entire study population to examine reproducibility (Fig. 2 , arrows a and b). In Figure 2 (c), cluster stability was measured for all solutions extracted in the derivation sample, using Jaccard similarities. Finally, to quantitatively identify the number of patterns to retain, internal cluster validity indices were calculated, i.e., the Calinski-Harabasz and Davies-Bouldin indices (Fig. 2, arrow d) . Details of these indices are provided in Supplemental Methods 3.
Using KCA, 5 different cluster solutions ranging from 2 to 6 clusters were extracted from both samples (the function kmeans in the R package stats) (5, 22) . Within each cluster solution, each food group was assigned to the cluster where it contributed the highest mean intake. To measure internal reproducibility, deviations between the results obtained in the derivation and replication samples were computed, defined as
where k = n food groups, x 0i = the mean intake of food group i in the derivation sample, and x 1i = the mean intake of food group i in the replication sample. For example, a value of 2% means that, on average, the mean intake of a particular food group in a particular cluster varies 2% between the derivation and the replication samples. The clusters in the derivation and replication samples were matched manually. Data analysis was performed with R version 2.15.2 (22) .
Associations between dietary patterns and CHD. Cox proportional hazard analysis was used to ascertain associations between dietary patterns and CHD risk. The analysis was performed for all component and cluster solutions. Quartiles of the component scores (PCA) or cluster membership were used as the independent variable and incident CHD as the dependent variable. HRs and 95% CIs are presented. Results are adjusted for the following: 1) age; 2) gender; 3) physical activity (inactive, moderately inactive, moderately active, or active); 4) smoking status and intensity (never; former, defined as quit smoking >20 y ago, quit 10-20 y ago, quit #10 y ago; or current, defined as <15 cigarettes/d, 15-25 cigarettes/d, >25 cigarettes/d, or pipe or cigar smoker); 5) education (low, average, or high); and 6) energy intake. For these analyses, IBM SPSS Statistics for Windows version 20 (IBM) was used. P values < 0.05 were considered statistically significant.
Results
Demographic and lifestyle characteristics of the 2 half-split samples were almost identical (Supplemental Table 2 ).
PCA. Detailed food-group composition of all solutions is shown in Table 2 . Overall, different component solutions contained patterns with different food-group compositions. In the 2-component solution, a more Western dietary pattern containing high loadings on French fries, fast food, and soft drinks and a more prudent pattern with fish, vegetables, and high-fiber products were found. In the 3-component solution, the prudent pattern was subdivided into 2 patterns. When component 4 was extracted, the more Western dietary pattern was also subdivided into 2 patterns (Table 2) . Finally, when replicated in the whole study population or in the other split half, PCA led to comparable foodgroup loadings for all patterns as for the split-half sample (data not shown). Contains spring rolls, Russian salad, pizza, and Dutch fried meat snacks.
3 Not confirmed food groups, i.e., food groups with food-group loadings , |0.20| in confirmatory factor analysis. 4 Contains nuts, seeds, soy products, and peanut butter.
How many dietary patterns to retain? 1277
Confirmation success of all component solutions is presented in Table 1 . The 2 measures for the reliability of the patterns were well in line with each other, i.e., high ratios of food groups not confirmed to the total number of food groups were mostly accompanied by high deviations in food-group loadings between PCA and CFA. Confirmation success differed considerably between patterns within the same solution. For example, component 2A was better confirmed than component 2B, i.e., the ratio of food groups not confirmed to the total number of food groups (2 of 14 vs. 7 of 14) and the deviation in food-group loadings between PCA and CFA were much lower (18.7% vs. 37.0%). Overall, the 3-component solution was better confirmed than the other component solutions (mean deviation of 24.5%), although all solutions contained $1 poorly confirmed pattern with a deviation >30% (2B, 3B, 4D, 5B, 6D, and 6E).
Results of quantitative criteria to determine the number of patterns to retain are presented in Figure 3 . After visual inspection of the scree plot, a qualitative criterion, one might select 3 patterns, because the slope of the graph changes at 3 solutions. The scree test optimal coordinates suggested extracting 8 patterns. The Kaiser criterion recommended selecting even more patterns (11 components).
As for PCA, reliability of dietary patterns differed considerably between different EFA solutions, and the scree plot was the only criterion indicating the same solution as the reliability measures: the 3-factor solution. Detailed results of the EFA are presented in Supplemental Methods 1 and Supplemental Tables 3 and 4. Associations with disease outcome (CHD) differed between the various component solutions ( Table 3) . For the 2-component solution, the prudent pattern (2B) tended to be associated with a lower risk of CHD (HR for extreme quartiles: 0.90; 95% CI: 0.78, 1.04), whereas the Western pattern was not associated with CHD (HR: 0.93; 95% CI: 0.79, 1.10). The Western pattern from the 3-component solution was not associated with CHD (HR: 0.95; 95% CI: 0.80, 1.13), whereas only 1 of the 2 prudent patterns (3C) remained associated with a lower risk of CHD (HR: 0.80; 95% CI: 0.69, 0.93). In the 4-component solution, 1 of the Western patterns (4D) became associated with an increased CHD risk (HR: 1.25; 95% CI: 1.09, 1.44), whereas the prudent pattern remained associated with a lower CHD risk (HR: 0.79; 95% CI: 0.68, 0.92). For the 5-component solution, none of the 3 prudent patterns were associated with a lower CHD risk, but both Western patterns were associated with an increased risk. In the 6-component solution, no significantly lower risk on CHD was found in any of the patterns, whereas 2 Western patterns remained associated with an increased CHD risk (6C and 6E).
Cluster analysis. Food-group compositions and results for cluster stability and reproducibility are presented in Table 4 . All clusters of all solutions obtained Jaccard similarities > 0.85, indicating that they were highly stable. However, the 2-cluster solution had the best overall stability with Jaccard similarities of 1.00. All clusters were well reproduced, i.e., deviations between the split-half samples were small, although values steadily increased from the 2-cluster (1.1%) to the 6-cluster (4.3%) solution. These findings are well in line with results from the internal cluster validity indices, which consistently indicated the 2-cluster solution as optimal ( Table 5) . Cluster analysis performed in the whole study population led to almost identical clusters for all solutions as for the 2 split-half samples (data not shown). Regarding the interpretability of the cluster solutions we found, the first 5 solutions all clearly had 1 more prudent dietary pattern that included fish, high-fiber products, vegetables, and fruit (patterns 2A, 3C, 4B, 5B, and 6E). The more Western dietary pattern obtained for the 2-cluster solution (2B) was subdivided into different clusters when more solutions were retained.
The more prudent pattern obtained from the 2-cluster solution was associated with a lower risk of CHD compared with the more Western pattern (HR: 0.91; 95% CI: 0.82, 1.00) ( Table 6 ). For the other solutions, the pattern containing lowfiber bread, potatoes, fat, and butter was used as the reference. The lower risk of the more prudent patterns in the 3-, 4-, 5-, and .0.85 indicates highly stable; 0.6-0.75 indicates patterns, but it is unclear which points belong to which cluster;
,0.5 indicates dissolved cluster. 2 Mean deviation of food groups between 2 subsamples. 3 Mean deviation per cluster solution. 4 Contains nuts, seeds, soy products, and peanut butter. 5 Contains spring rolls, Russian salad, pizza, and Dutch fried meat snacks.
How many dietary patterns to retain? 1279 6-cluster solutions was comparable with the result obtained from the 2-cluster solution (HR values between 0.90 and 0.92). Surprisingly, patterns containing, among others, red meat and alcoholic drinks were also associated with a lower risk (HR values between 0.76 and 0.85).
Discussion
The number of patterns to extract in dietary pattern analysis is often based on subjective criteria. In this study, we applied quantitative criteria, such as the scree test optimal coordinates and internal cluster validity indices, to determine the number of patterns to extract and explored their agreement with reproducibility over the split samples. Reproducibility differed significantly between various pattern solutions for PCA, whereas cluster analysis extracted stable and reproducible clusters across different solutions. The applied quantitative criteria were found to be valuable for cluster analysis but not for PCA. Furthermore, we showed that the number of retained patterns influences conclusions regarding the associations with disease outcome, especially when using PCA.
PCA. In our study, the reliability of the various pattern solutions differed considerably. The 3-component solution was more reproducible over split samples than the other component solutions, although all solutions contained $1 poorly confirmed pattern. A reason for this lack of reproducibility could be that variation in food intakes of individuals is not completely captured in dietary patterns. The explained variance of 6 components was 39% in our study, indicating that other determinants also play an important role in variance in dietary intake. Imperfect measurement by FFQs may also play a role. PCA analyzes the total variance assuming that the food groups are perfectly reproduced by the extracted components. As a result of measurement error in dietary intake (23) and the lowto-moderate correlations between food groups, this probably is not the case in dietary pattern analysis. Our results indicate that there is added value to first use split-half techniques and CFA as a tool to find the optimal number of components. PCA could subsequently be rerun over the whole population to obtain scores for the selected solution only. Interestingly, one may have opted for the 3-component solution after visual inspection of the scree plot as well, whereas both quantitative criteria, i.e., the Kaiser criterion and the scree test optimal coordinates, recommended extracting considerably more patterns. PCA aims to reduce the number of food groups into a small number of dietary patterns. Therefore, it is not reasonable to extract, for example, 11 patterns out of 31 food groups as suggested by the Kaiser criterion, whereas many of these patterns contain only a few high-scoring food groups. For these reasons, our results suggest that these quantitative criteria seem not to be useful in dietary pattern analysis. It also indicates that it remains important to consider interpretability of the obtained patterns when applying quantitative criteria to decide on the number of patterns to extract, because patterns with only a few high-scoring food groups may not represent meaningful dietary patterns. Moreover, because different pattern solutions contain patterns with different food-group compositions, the choice of the final solution affects the obtained associations with disease outcome. When more components were extracted, we still identified prudent and Western patterns, but the associations of the obtained prudent patterns with CHD incidence disappeared.
Cluster analysis. Because cluster analysis tends to give results even for fairly homogenous datasets, cluster validation is important (24) . Based on cluster stability and internal reproducibility, KCA derived highly stable and reproducible clusters for all solutions. Internal cluster validity indices consistently indicated the 2-cluster solution as optimal, which is in line with results from analyses on stability and reproducibility. This solution clearly distinguished a prudent pattern from a more Western dietary pattern and was therefore well interpretable. This more distinctly prudent pattern was also found in the 3-, 4-, 5-, and 6-cluster solutions, whereas the Western pattern was subdivided into different clusters with more solutions. The different number of retained patterns had less effect on associations with disease risk in cluster analysis than in PCA. The more distinctly prudent dietary patterns tended to suggest an inverse association with CHD risk in all solutions, but none reached statistical significance. because PCA and CFA were performed in the same sample (2). We used a derivation and validation set, and, consequently, differences in component/factor loadings between PCA and CFA were higher in our study, leading to nonconfirmed patterns. Newby et al. (6) also assessed reproducibility by performing PCA in random half-split samples. They found drastic differences in component loadings between the split halves and the whole population for some food groups, whereas we observed comparable loadings. These difference might well be explained by the larger population in our study (39,678 vs. 459). For cluster analysis, only 2 studies examined internal reproducibility or stability of patterns, using either split-half samples (6) or discriminant analysis (8). Quatromoni et al. (8) extracted a 5-cluster solution through WardÕs clustering and used discriminant analysis to measure stability and classification ability. In total, 80% of all participants were correctly classified, indicating good stability. Newby et al. (6) assessed reproducibility by performing KCA in random half-splits and found good reproducibility. Lo Siou et al. (11) investigated reproducibility for 3 different cluster methods (WardÕs, flexible b, and KCA), and KCA was found to have the highest reproducibility. By examining the ratios of between-cluster and within-cluster variances, comparable with the Calinski-Harabasz index, they chose the number of clusters to retain and found the 4-cluster solution to be optimal in men. In women, no optimal solution could be found using this method, because of the little variation in intake.
Our results are in line with these studies showing highly stable and reproducible clusters obtained by KCA, but we add that this finding is consistent over different cluster solutions. Furthermore, all internal cluster validity indices were in agreement with our stability and reproducibility results, indicating that they help finding the optimal cluster solution.
Strengths and limitations. To our knowledge, this is the first study to examine and compare reproducibility of different pattern solutions derived from PCA and cluster analysis. This study is further strengthened by the large study population consisting of both male and female participants, but is limited by the self-reported dietary intake, although this was measured through validated FFQs (13, 14) . Moreover, although quantitative criteria can remove some subjectivity involved in deciding on the number of patterns to retain, they often depend on given cutoff values, e.g., the cutoffs of 0.25 for PCA and 0.20 for CFA. In addition, other subjective decisions, such as which food groups to include in the analysis, were not addressed here.
Furthermore, finding ''the optimal cluster solution'' might also depend on the clustering method applied (25) . In this study, we mainly focused on KCA and PCA, because these methods are most commonly used in dietary pattern analysis. However, EFA may theoretically be more applicable than PCA, because it takes observed variation into account. Therefore, we repeated our analysis using EFA, which provided similar results.
Overall conclusion. Reliability of dietary patterns differed considerably over different solutions from PCA. In contrast, cluster analysis derived generally stable, reproducible clusters across different solutions. Applied quantitative criteria were valuable for cluster analysis but not for PCA. Associations with disease risk are influenced by the number of patterns that are retained, especially when using PCA. Therefore, studies on the associations between dietary patterns and disease risk should report the reasons to choose the retained numbers of patterns. For PCA, split-half techniques with CFA and visual inspection of the scree plot can be used to substantiate this choice. For cluster analysis, internal cluster validity indices can be applied to help determine the number of clusters to retain.
